The deployment of the unmanned aerial vehicle (UAV) has been foreseen as a promising technology for the next generation communication networks. The distance limitation imposed by the line of sight RF connection can be removed by using RF coverage from existing commercial cellular service. In this work, we consider a transmission mechanism that aims to improve the data rate between a terrestrial base station (BS) and user equipment (UE) through deploying multiple UAVs relaying the desired data flow. Considering the coexistence of this network with other established communication networks, we take into account the effect of interference, which is incurred by the existing nodes. Our primary goal is to optimize the three-dimensional (3D) trajectories and power allocation for the relaying UAVs to maximize the data flow while keeping the interference to existing nodes below a predefined threshold. An alternating-maximization strategy is proposed to solve the joint 3D trajectory design and power allocation for the relaying UAVs. To this end, we handle the information exchange within the network by resorting to spectral graph theory and subsequently address the power allocation through convex optimization techniques. Simulation results show that our approach can considerably improve the information flow while the interference threshold constraint is met.
I. INTRODUCTION
The utilization of unmanned aerial vehicles (UAVs) has recently become a practical approach for a variety of missiondriven applications including border surveillance, natural disaster aftermath, monitoring, search and rescue, and purchase delivery [1] - [3] . Owing to the low acquisition cost of UAVs as well as their fast deployment and efficient coverage capabilities, UAV-assisted wireless communications has attracted lots of interest recently [4] - [6] . Specifically, the 3D mobility feature of UAVs and the coexistence of relaying UAVs with other existing communication networks (e.g., cellular networks) have led to new design challenges and opportunities in these networks [7] .
The current literature on UAV-assisted wireless communications can be split into two categories according to the dynamics of UAVs during the data transmission. The static frameworks assume that the geometric locations of all the network nodes (involving UAVs) remain unchanged during the data transmission [8] , [9] , while the dynamic scenarios assume that UAVs can be mobile in any phase of the data transmission [10] - [13] . In [8] , the optimal deployment of a static UAV is considered to improve the average data rate between two obstructed access points under a symbol error rate constraint. Considering multiple static UAVs, optimal UAV locations are derived in [9] through maximizing the data rate in single link multi-hop and multiple links dual-hop relaying schemes. As a follow up work for [9] , we studied the optimal position planning of UAV relays between the transmitter and the receiver, which coexist with a major source of interference in the environment [14] , [15] .
In the context of dynamic UAV-assisted wireless communications, [10] considers the joint optimization of the propulsion and the transmission energies for relaying UAVs. An optimal control problem is accordingly formulated based on energy minimization considering dynamic models for both transmission and mobility. In [11] , the optimum altitude of a relaying UAV is derived so as to maximize the reliability of the system, which is measured by the total power loss, the overall outage, and the overall bit error rate. A UAV-assisted communication scheme is proposed in [12] , where the UAV trajectory, and the transmit power of both the UAV and the mobile device are obtained via minimizing the outage probability.
In this work, we consider a communication scenario where multiple dynamic UAVs are deployed to improve the data flow between a terrestrial base station (BS) and a desired user equipment (UE). As a major difference from the existing literature, we take into account the interference due to the interaction between the newly deployed UAVs and the existing network nodes (e.g., neighboring BSs, small cells, jammers) in a dynamic setting. We take advantage of the inherent feature of the UAVs, i.e., their mobility, in order to evade from the interference of the co-existed network. That means the UAVs can reconfigure their locations to decrease the effect of mutual interference. Even though considering just 3D trajectory design can help the UAV network to avoid the unwanted interference from the co-existed network, it can be problematic for the co-existed network. In particular, given the UAVs transmission powers, there is no guarantee that the interference constraint is met at the co-existed primary network with the 3D trajectory design solely. Thus, our goal is to jointly optimize the trajectory and the power allocation of the relaying UAVs in 3D space while keeping the interference generated by the UAVs to the existing nodes below a threshold. Since joint optimization of UAV 3D trajectories and powers is highly nontrivial, we propose a mechanism based on the alternating-maximization approach [16] . In our method, the optimization problem is decomposed into two sub-problems where 3D trajectories are obtained using spectral graph theory tools while the power allocation problem is solved using convex optimization techniques.
II. SYSTEM MODEL

A. Communication Scenario
We consider a scenario where a terrestrial BS and a UE aim to engage in communication. The UE is either on the ground (e.g., a moving vehicle, pedestrian) or in the air (e.g., a UAV), as shown in Fig. 1 . To improve the data rate, we consider employing multiple UAVs relaying signal between the BS and the UE. We also take into account any interference coming from the existing network (e.g., neighboring BSs, small cells, or malicious jammers), and describe the corresponding transmitters as sources of interference (SIs). We assume that the SIs can be detected together with their transmission parameters using existing sensing methods in the literature (e.g., [17] ). Moreover, we assume that the BS, the UE, the UAVs and the SIs are functioning as both transmitters and receivers, i.e., transceivers, and thus can involve in both uplink and downlink of their own respective networks.
We adopt time-division multiple access (TDMA) to schedule the relaying UAVs so that their transmissions do not collide with each other. Our goal is to obtain the 3D trajectories of the relaying UAVs along with the power allocation to maximize the data rate between the BS and the UE. In addition to the communication-related applications, another use case for this scenario is the aerial wireless sensor networks comprised of UAVs equipped with sensors and radio devices, which fly over an area of interest to sense and collect data.
In our setting, N describes the set of N nodes in our network, which consists of the terrestrial BS (denoted by node s), the desired UE (denoted by node d), and the relaying UAVs. In addition, M stands for the set of M separate SIs. The geometric location of any node in either of these sets is denoted by r n = (x n , y n , z n ) ∈ R 3 such that n ∈ M or n ∈ N . In the subsequent sections, we distinguish between the aerial and terrestrial nodes, which are represented by A = N \ {s, d} and G = M ∪ {s, d}, respectively, and assume that the UE is placed on the ground. For the case of flying UEs, these sets are denoted by A = N \ {s} and G = M ∪ {s}.
B. A2A and A2G Channel Models
In this section, we discuss the air to air (A2A) and the air to ground (A2G) channel models under consideration. In this work, we consider transmission through the line of sight (LoS) path only (e.g., [9] ), and adopt a widely-used path-loss model provided by the International Telecommunication Union (ITU). The path-loss for the A2A link is therefore given (in dB scale) as
where α 1 is the path-loss exponent, d i,j is the Euclidean distance between the UAVs i and j, and η 1 is the path-loss associated with the reference LoS distance of 1 m. Similarly, the A2G channel between any terrestrial node and the aerial node can be described by the path-loss expression, given by
where α 2 is the path-loss exponent, and η 2 is the path-loss at the reference distance. Note that in the free space, the path-loss exponents would be α ℓ = 2, and the path-loss at the reference distance would become η ℓ = 10 log 10 ( 4πfc c ) 2 , where f c is the carrier frequency, c = 3 × 10 8 m/s is the speed of light, and ℓ ∈ {1, 2}. In the literature, the A2G channel is discussed to be close to a free-space propagation scenario. Adopting [18] , we consider a larger path-loss exponent for the A2G channels compared to the A2A channels, where these parameters are numerically presented in Section V. Considering the impact of small-scale fading, the overall complex channel gain for nodes i and j involved in either the A2A or A2G communications becomes
, if the link is A2A,
, if the link is A2G,
where g i,j is the small-scale fading gain, which is zero-mean complex Gaussian with unit variance. As a final remark, we assume channel reciprocity for all the links under consideration so that the link (i, j) from the node i to node j is the same as the link (j, i) in the opposite direction.
III. NETWORK TOPOLOGY AND PROBLEM FORMULATION
A. Graph Representation of the Network
We assume that the interference coming from the SIs is much stronger than the noise. We therefore take into account the SIR as the performance metric, which is defined for the transmission link from the node i to j as follows:
where Q i,j = N \ {i, j}, P i is the transmit power of node i in the UAV network (i.e., i ∈ N ), and P J m is the transmit power of node m in the SI network (i.e., m ∈ M). The second term in the denominator of (4) is considered to guarantee a safety separation between any of the UAVs and other nodes in the UAV network (i.e., the BS, the desired UE, or the other UAVs) so as to preserve a proper flight performance [19] . In this representation, χ stands for the importance of this safety precaution, and u is the smoothed step function given by [20] :
where y 0 is an arbitrarily small positive number, and ζ and κ are design parameters. We first define a directed flow graph G = (N , E), in which E denotes the set of available edges in the network and each edge has the capacity a i,j . We assume a line topology for the multi-hop relay network [9] . We formulate the information exchange in this single-source and single-destination network using a single-commodity maximum flow problem, for which the task is to determine the maximum amount of flow, i.e., the maximum average transmission rate, between the BS and the desired UE. The average transmission rate is defined as the arithmetic mean of the data rates in the forward and backward directions for each pair of nodes. The generalized adjacency matrix is accordingly defined as A = [a i,j ] N {i,j}=1 , where a i,j is the average transmission rate between nodes i and j, given by:
with B the transmission bandwidth of the network. Note that SIR i,j is, in general, not equal to SIR j,i , in part, due to the unbalanced deployment of SIs. We further define the generalized degree matrix of the network as D = diag{β 1 , ..., β N }, where β i = ∑ {j|j̸ =i} a i,j . Finally, the Laplacian matrix of the network graph is then given by L = D − A.
B. Maximum Flow Problem
In this section, we formulate the optimization problem for the overall network, where the goal is to maximize the data flow R s↔d between the terrestrial BS and the desired UE with the help of relaying UAVs in the presence of SIs. For each link (i, j) ∈ E, let f i,j be the associated flow such that 0 ≤ f i,j ≤ a i,j . The desired optimization problem is therefore given as follows
where P i stands for the power of the ith UAV, P max is the maximum transmit power of each UAV, and I max j represents the predefined interference threshold for the jth SI. In addition, (7a) is due to the assumption of balanced flows for all the nodes except the source and the destination. Moreover, (7c) satisfies the condition that the interference produced by each UAV at any SI is always less than a predefined threshold I max j for the jth SI.
It is worth mentioning that given the UAVs transmission powers, there is no guarantee that the interference constraint is met at the co-existed primary network with the 3D trajectory design solely [21] . On the other hand, assuming fixed locations for UAVs, solely optimizing the UAV transmission powers leads to a poor performance at the UAV relay network. Thus, joint power allocation and 3D trajectory design is necessary to obtain the satisfactory performance for both networks, which is therefore very complicated to solve. In the following, we propose to decompose the overall optimization of (7) into two sub-problems using the alternating-optimization approach [16] . In the proposed strategy, we first solve the problem of 3D trajectory optimization for a given set of transmit powers (i.e., P i , ∀i ∈ N ), and then the power allocation problem is solved for the given set of UAV locations computed beforehand. These recursions continue till a satisfactory level of performance is obtained.
IV. JOINT 3D TRAJECTORY DESIGN AND POWER ALLOCATION
In this section, we consider the solution of the 3D trajectory and power allocation problem for the UAVs using the alternating-projection strategy introduced in Section III-B.
A. 3D Trajectory Design
Given the transmit power values of the UAVs, we first attempt to solve the optimization problem in (7) for the 3D trajectories. In this case, the problem reduces to a maximum flow problem with respect to the locations, which is given by:
Note that the maximum flow problem in (8) can be solved for a given UAV location using the well-known max-flow-min-cut theorem [22] . The achievable maximum flow of the network is equal to single flow min-cut of the underlying network given by:
The maximum flow in (9) can be obtained by the Ford-Fulkerson algorithm [22] . The more challenging task, however, is to design the trajectories (i.e., moving directions) of each UAV in the 3D space so as to maximize the information flow between the BS and the desired UE. In order to move towards the maximum flow trajectory, we use Cheeger constant or isoperimetric number of the graph which provides numerical measure on how well-connected our multi-node UAV wireless network is [23] . Assuming that L = D −1/2 LD −1/2 is the normalized Laplacian matrix, the Cheeger constant is given by [23] :
where S ⊂ N is a subset of the nodes,S = N − S, and |S| is the cardinality of set S. Note that the original definition of the Cheeger constant h(L) considers all the nodes in the network with equal importance. Since the maximum flow of the network for a given source-destination pair depends on the individual link capacities, the weighted version of the Cheeger constant appears as a promising solution to overcome this drawback. In particular, the original Cheeger constant blindly aims at improving the weakest link in the network and may fail to emphasize the desired flow associated with a particular source-destination pair. We therefore need to distinguish between the BS and the desired UE from the UAV nodes, for which the weighted Cheeger constant comes as a remedy, and is given as [20] :
where |S| W = ∑ i∈S w i is the weighted cardinality, and w i ≥ 0 is the weight of the node i which is adopted to emphasize the flow between the BS and the desired UE. The weighted Laplacian matrix is accordingly given by:
where W = diag{w 1 , ..., w n }. To achieve our goal, the ideal choice is to consider the weights for the source and destination as 1, and those for the UAVs as 0. However, in practice, we consider small non-zero weights for the UAVs as it may cause numerical issues. The weighted second smallest eigenvalue λ 2 (L W ) can be defined as
It is shown in [20] , the following weighted Cheeger's inequalities hold
where δ max is the maximum node degree (i.e., maximum number of edges attached to any node), and w min = min i w i . In practice, since computing the Cheeger constant is difficult, Algorithm 1 Proposed Alternating-Optimization Algorithm Initialization: Locations r i and power allocation P i for ith UAV for ∀i ∈ N ∪ M, error tolerance ε t ← 1,
by (15)-(17) Update r i (t) in R 3 as per (18) Compute optimal P i (t) by (20) via CVX [24] Compute R s→d (t) by Ford-Fulkerson algorithm [22] t ← t + 1 end while we try to maximize λ 2 (L W ) as an alternative. When λ 2 (L W ) gets larger values, the lower bound of the weighted Cheeger constant inequality increases, which improves the connectivity of the overall network. The UAVs should therefore adjust their geometrical locations in order to maximize λ 2 (L W ), and hence h W (L).
As a result, each UAV should move along the spatial gradient of the weighted algebraic connectivity λ 2 (L W ) to maximize it. Given the instantaneous location of the ith UAV, its spatial gradient along x-axis is given as follows:
where x f k is the kth entry of x with k ∈ {p, q}, x f is the Fiedler vector corresponding to the second smallest eigenvalue λ 2 (L W ), and p ∼ q means that the nodes p and q are connected. In (16) , ∂ap,q ∂xi can be computed as:
which is 0 for p = q, or i / ∈ {p, q}. The partial derivative of SIR with respect to x i in (17) can be computed using (4) together with the geometrical relations between x i and the complex channel gain h i,j presented in Section II. The update in the location of the ith UAV along the x−axis is then given by:
where t stands for the discrete time, or, equivalently, the iteration number. A similar procedure can be pursued to find the spatial gradients of λ 2 (L W ) along y− and z−axis, and update the respective coordinates.
B. Power Allocation Optimization
We now focus on the power allocation problem, and solve the optimization problem in (7) to find optimal power allocation for a given set of the UAV locations. In this case, the corresponding optimization problem is given by:
s.t.
(7a), (7b), (7c), (7d).
We assume that the UAVs transfer the data by forming a multi-hop single link network topology, i.e., a line graph, between the BS and the UE. This is a reasonable assumption as the major information exchange happens between neighboring UAVs, not between the UAVs away by more than a single hop. In this case, the maximum transmission rate of the network is determined by the hop with the minimum transmission rate. More specifically, the power allocation problem can be equivalently given by
s.t. (7c), (7d).
In order to have a more tractable problem, (20) can be reformulated as follows
where η is an auxiliary variable employed to facilitate the optimization. In this case, the objective is an affine function, and a i,j is a concave function for ∀ i, j ∈ Q s,d . It can easily be verified that the optimization problem in (21) is convex, and therefore can be solved efficiently via interior point method using available standard optimization toolboxes (e.g., CVX [24] ). The overall alternating-optimization algorithm considering both the 3D trajectory and power allocation optimization is summarized in Algorithm 1.
V. SIMULATION RESULTS
In this section, we present numerical results based on extensive simulations, to evaluate the performance of the proposed joint 3D/2D trajectory and power allocation optimization. In our simulation environment, the BS and the UE are assumed to be located at (0, 0, h BS ) and (200 m, 0, h UE ), respectively, in R 3 with h BS = 15 m. Moreover, the SIs are located randomly in xy−plane with fixed altitude of h SI = 20 m. The list of simulation parameters are given in Table I . In Fig. 2 , for h UE = 25 m the convergence of the algorithm for different interference threshold is presented while considering 2D and 3D trajectory design algorithms. It can be seen that the 3D trajectory design needs more time for convergence while 2D trajectory deign converges faster. However, 3D trajectory design can perform better than 2D and can double the transmission flow of the network. This can be a strong benefit of 3D trajectory design.
In Fig. 3 , we depict the maximum flow against the interference threshold I max for the UE altitude of h UE = 25 m, which may well represent a low-flying UAV as the desired UE. We assume that I max j is the same for each SI j ∈ M. We observe that when the relaying UAVs are allowed to optimize their trajectories using the proposed 2D trajectory design (i.e., in xy−, xz−, or yz− planes), the performances are always inferior to that of the proposed 3D trajectory optimization. Note that the decreasing interference threshold corresponds to the situation that the SI receivers are more susceptible to the interference. In Fig. 4 , we depict the maximum flow along To illustrate this situation, we depict the respective 3D trajectories of all the UAVs in Fig. 5 for the UE altitudes of h UE = {25, 200} m. Moreover, the decrease in the maximum flow after h UE = 200 m is mainly due to the increased path loss, which now becomes more dominant compared to the interference (even though the interference is also decreasing due to the increasing distance).
VI. CONCLUSION
In this paper, we considered the joint power and 3D trajectory design for a relay assisted UAV network overlaying an existing network. The main idea is to deploy the mobility of the UAVs in order to reconfigure their locations in 3D space so as to avoid the interference. A joint optimization solution for 3D trajectory design and power allocation is proposed based on spectral graph theory and convex optimization. Simulation results demonstrate the effectiveness of the proposed algorithm in improving the maximum flow and mitigation of the unwanted interference to the co-existing network.
